The morphological interpretation of histologic sections forms the basis of diagnosis and prognostication for cancer. In the diagnosis of carcinomas, pathologists perform a semiquantitative analysis of a small set of morphological features to determine the cancer's histologic grade. Physicians use histologic grade to inform their assessment of a carcinoma's aggressiveness and a patient's prognosis. Nevertheless, the determination of grade in breast cancer examines only a small set of morphological features of breast cancer epithelial cells, which has been largely unchanged since the 1920s. A comprehensive analysis of automatically quantitated morphological features could identify characteristics of prognostic relevance and provide an accurate and reproducible means for assessing prognosis from microscopic image data. We developed the C-Path (Computational Pathologist) system to measure a rich quantitative feature set from the breast cancer epithelium and stroma (6642 features), including both standard morphometric descriptors of image objects and higher-level contextual, relational, and global image features. These measurements were used to construct a prognostic model. We applied the C-Path system to microscopic images from two independent cohorts of breast cancer patients [from the Netherlands Cancer Institute (NKI) cohort, n = 248, and the Vancouver General Hospital (VGH) cohort, n = 328]. The prognostic model score generated by our system was strongly associated with overall survival in both the NKI and the VGH cohorts (both log-rank P ≤ 0.001). This association was independent of clinical, pathological, and molecular factors. Three stromal features were significantly associated with survival, and this association was stronger than the association of survival with epithelial characteristics in the model. These findings implicate stromal morphologic structure as a previously unrecognized prognostic determinant for breast cancer.
INTRODUCTION
In the mid-19th century, it was first appreciated that the process of carcinogenesis produces characteristic morphologic changes in cancer cells (1) . Patey and Scarff showed in 1928 (2) that three histologic features-tubule formation, epithelial nuclear atypia, and epithelial mitotic activity-could each be scored qualitatively, and the assessments could be combined to stratify breast cancer patients into three groups that showed significant survival differences. This semiquantitative morphological scoring scheme has been refined over the years (3) (4) (5) but still remains the standard technique for histologic grading in invasive breast cancer. Although considerable effort has been devoted recently to molecular profiling for assessment of prognosis and prediction of treatment response in cancer (6, 7) , microscopic image assessment is still the most commonly available (and in some places in the world, the only) tool that is financially and logistically feasible.
Although the three epithelial features scored in current grading systems are useful in assessing cancer prognosis, valuable prognostic information can also be derived from other factors, including properties of the cancer stroma such as its molecular characteristics (8) (9) (10) (11) (12) (13) (14) (15) and morphological features [such as stromal fibrotic focus, a scarlike area in the center of a carcinoma (16) ]. Thus, we sought to develop a high-accuracy, image-based predictor to identify new clinically predictive morphologic phenotypes of breast cancers, thereby providing new insights into the biological factors driving breast cancer progression.
The development of such a system could also address other problems relevant to the clinical treatment of breast cancer. A limitation to the current grading system is that there is considerable variability in histologic grading among pathologists (17) , with potentially negative consequences for determining treatment. An automated system could provide an objective method for predicting patient prognosis directly from image data. Moreover, once established, this system could be used in breast cancer clinical trials to provide an accurate, objective means for assessing breast cancer morphologic characteristics, allowing objective stratification of breast cancer patients on the basis of morphologic criteria and facilitating the discovery of morphologic features associated with response to specific therapeutic agents.
TMAs contain 0.6-mm-diameter cores (median of two cores per case) that represent only a small sample of the full tumor. We acquired data from two separate and independent cohorts: Netherlands Cancer Institute (NKI; 248 patients) and Vancouver General Hospital (VGH; 328 patients).
Unlike previous work in cancer morphometry (18) (19) (20) (21) , our image analysis pipeline was not limited to a predefined set of morphometric features selected by pathologists. Rather, C-Path measures an extensive, quantitative feature set from the breast cancer epithelium and the stroma (Fig. 1) . Our image processing system first performed an automated, hierarchical scene segmentation that generated thousands of measurements, including both standard morphometric descriptors of image objects and higher-level contextual, relational, and global image features. The pipeline consisted of three stages (Fig. 1 , A to C, and tables S8 and S9). First, we used a set of processing steps to separate the tissue from the background, partition the image into small regions of coherent appearance known as superpixels, find nuclei within the superpixels, and construct nuclear and cytoplasmic features within the superpixels (Fig. 1A) . Within each superpixel, we measured the intensity, texture, size, and shape of the superpixel and its neighbors. Second, to produce more biologically meaningful features, we classified superpixels as epithelium or stroma (Fig. 1B) . We use a machine learning approach (L 1 -regularized logistic regression), in which we hand-labeled superpixels from 158 images (107 NKI and 51 VGH) and used those to train the epithelium/ stroma classifier. The resulting classifier comprises 31 features (Supplementary Material, tables S4 and S5, and figs. S6 to S10) and achieves a classification accuracy of 89% on held-out data. To construct our final set of features to be used in the prognostic model, we first recomputed the values of the basic features separately within the epithelium and stroma. We subclassified nuclei as "typical" or "atypical" and obtained object measurements from contiguous epithelial and stromal regions, as well as from epithelial nuclei, epithelial atypical nuclei, epithelial cytoplasm, stromal round nuclei, stromal spindled nuclei, stromal matrix, and unclassified objects. We computed a range of relational features ( Fig. 1C) The NKI images were used to build an image feature-based prognostic model to predict the binary outcome of 5-year survival (5YS model) (Fig. 1D ) using L 1 -regularized logistic regression, implemented in the R package glmnet (22) . Model performance on the NKI data set was assessed by eightfold cross-validation, where the data set is split into about eight equal folds, and in each fold, the model was built with seven of the folds (up to 217 cases) and evaluated on the held-out fold. For each instance in the data set, we determined the C-Path model result when that instance was held out during cross-validation, which allowed this prediction to be used for evaluating model performance on unseen data. This procedure is known as "prevalidation" (23) . To further assess performance of the model, we trained the prognostic model on the full NKI data set and tested the model on the VGH data set (see Materials and Methods and Supplementary Material). We excluded from this analysis the 42 VGH cases that had been used in training the epithelial-stromal classifier.
Survival analysis on the NKI data set The prevalidation C-Path 5YS scores were highly associated with overall survival (log-rank P < 0.001) ( Fig. 2A and table S1 ). When cases were stratified by their previously assigned grade (see also fig. S1A ), the C-Path score was significantly associated with survival within histologic grade 2 tumors (log-rank P = 0.004), but not with survival within grade 1 and 3 tumors on the NKI data set (Fig. 3 , A to C).
Using a multivariate Cox proportional hazards analysis, we next set out to assess the added prognostic value of the C-Path score in the context of other measured prognostic factors. In addition to standard clinical measurements, the tumors from all patients in the NKI data set had previously undergone expression profiling by microarray, allowing each case to be classified according to several standard breast cancer molecular signatures: the 70-gene prognosis signature score (24) , the genomic grade index score (25) , the invasiveness gene signature (26) , the hypoxia gene signature (27) , and intrinsic molecular subtype (28) . The subtype classifications used in our analysis come from the original publications or from the supplemental data (29) . The prevalidation C-Path scores were significantly associated with 5-year survival independent of any of the other clinical or molecular factors: grade, estrogen receptor (ER) status, age, tumor size, lymph node status, mastectomy, chemotherapy, 70-gene prognosis signature, hypoxia signature, wound response signature, genomic grade index, or intrinsic molecular subtypes (P = 0.02) ( Table  1A ). The only other features significantly associated with survival were the hypoxia signature and age (Table 1A) . The previously assigned histologic grading scores used in our comparison came from manual pathologic interpretation of whole-slide microscopic images by a centralized review. To directly compare the performance of the C-Path system to pathological grading on the exact same set of images, we applied standard pathological grading criteria to the TMA images used in the C-Path analysis (mitotic activity, nuclear pleomorphism, and tubule formation were semiquantitatively scored from 1 to 3, and the scores were summed with a sum of less than 6 receiving a grade of 1, sum of 6 to 7 receiving a grade of 2, and sum greater than The y axis is probability of overall survival, and the x axis is time in years. The numbers of patients at risk in the high-and low-risk groups at 5-year intervals are listed beneath the curves. (A) NKI data set. Patients were stratified into low-and high-risk groups based on predictions of the 5YS model on held-out cases during cross-validation. (B) VGH data set. VGH patients were stratified into low-and high-risk groups based on predictions of the 5YS model trained on the full NKI data set. In both data sets (A and B), cases predicted to be high risk showed significantly worse overall survival than cases predicted to be low risk (log-rank P < 0.001 in both analyses). VGH cases used to train the epithelial-stromal classifier have been excluded from the analysis.
7 receiving a grade of 3); the pathologist grading the images was blinded from the survival data. Although the C-Path predictions on the NKI data set were strongly associated with survival, the pathologic grade derived from the same TMA images showed no significant association with survival (log-rank P = 0.4), highlighting the difficulty of obtaining accurate prognostic predictions from these small tumor samples.
Survival analysis on the VGH data set
We next tested the prognostic model on the VGH data set, which was not used in constructing the prognostic model. In addition to being an additional data set, the cases from VGH represented a cohort of patients with distinct clinical features. The NKI data set was limited to women younger than 53 years with stage I or II breast cancer. In contrast, the VGH data come from a population-based cohort with a higher proportion of older women and women with more advanced disease. A subset of the VGH cases with survival data (51 images from 42 cases) were used for training of the epithelial-stromal classifier, which was built to classify superpixels as epithelium or stroma and implemented as part of the image processing pipeline. We excluded these 42 cases from our survival analysis. The C-Path score was significantly associated with overall survival in this independent group of cases (log-rank P = 0.001) ( Fig. 2B and table S1). Notably, the standard histologic grading scores that had been obtained by routine pathological analysis of whole-slide images with standard grading criteria on the original patient material showed no significant association with survival on this same cohort of patients (fig. S1B; log-rank P = 0.29), perhaps due to the greater variability of the grading process, in which grades were assigned independently by individual community pathologists (17) . On VGH, significant survival stratification was achieved by the 5YS model within both grade 2 and grade 3 tumors (log-rank P = 0.02 and 0.01, respectively; Fig. 3 , D to F). We constructed a multivariate Cox proportional hazards model that considered age, lymph node status, mastectomy, ER status, grade, size, and C-Path 5YS model score. In this multivariate model, the C-Path 5YS model score, age, and lymph node status were independently significantly associated with patient survival (all P < 0.05) (Table 1B) . Grade, size, and ER status were not significant independent predictors of survival in this multivariate model.
To assess the generalizability of the full image processing pipeline, we have repeated the entire analysis with training of the epithelialstromal classifier limited exclusively to the 107 NKI images. This pipeline resulted in decreased performance of the prognostic model ( fig. S2 ), with statistically significant (log-rank P < 0.05) survival stratification observed only on the NKI data set. These findings suggest that a relatively large, varied set of training images is important for robust performance of the epithelial-stromal classifier and that accurate epithelial-stromal segmentation is important for extracting the most prognostically informative morphological features.
Assessing significance of features
To identify morphologic features that robustly contribute to the C-Path model, we performed a bootstrap analysis on the NKI data set to generate 95% confidence intervals (CIs) for the coefficient estimates for the image features in the C-Path model. This analysis revealed 11 features with a 95% CI that does not include zero (table S2) . These 11 features included 3 stromal features (Fig. 4 ) and 8 epithelial features (Fig. 5) .
We assessed correlation of these features with pathological assessment of epithelial tubule formation, mitotic activity, and nuclear pleomorphism, which are the standard features used in histologic grading. The top associations of the 11 C-Path features with pathological grading features were a negative correlation of tubule formation with "stromal matrix textural variability" (Spearman's rho = −0.21, P = 0.001) and positive correlation of both mitotic activity and nuclear pleo- morphism with the C-Path feature "number of epithelial nuclei from unclassified regions" (Spearman's rho = 0.27 and 0.33, respectively, both P < 0.001).
Seven of the top features in the bootstrap analysis were relational features characterizing the contextual relationships of epithelial and stromal objects to their neighbors. Because cancer is a disease of abnormal tumor cell growth and abnormal cellular relationships between tumor cells and stroma (unlimited replicative potential, loss of growth inhibition between neighboring transformed cells, cancer cell invasion of neighboring tissue) (30, 31) , it is perhaps not surprising that relational features form key prognostic factors in breast cancer.
To test the prognostic value of the stromal features identified by our analysis, we tested the predictive performance of stromal features and epithelial features separately. The model using only stromal features was highly associated with overall survival in the VGH data set (log-rank P = 0.004) (Fig. 6 ) and showed survival association similar to that of the full C-Path model. For both grade 2 and grade 3 breast cancers, the stromal model predictions were associated with survival (both log-rank P < 0.05). The predictions from the model composed solely of epithelial features were associated with survival overall (log-rank P = 0.02), and this association was strongest for stratification within histologic grade 3 tumors (log-rank P = 0.002), with no statistically significant stratification observed in grade 1 and 2 tumors (both log-rank P > 0.2). Pathologists currently use only epithelial features in the standard grading scheme for breast cancer and other carcinomas. Our findings suggest that evaluation of morphologic features of the tumor stroma may offer significant benefits for assessing prognosis.
The stromal feature with the largest coefficient in the prognostic model was a measure of the variability of the stromal matrix intensity differences with its neighbors (Fig. 4A) . High values were associated with improved outcome. Breast cancer tissue that received a high score tended to contain larger contiguous regions of stroma separated from larger contiguous epithelial regions. This pattern of cancer growth more closely approximates epithelial-stromal relationships observed in the normal breast. This pattern results in a high score, because in stroma-rich areas, stromal matrix regions border exclusively other stromal matrix regions, whereas in other areas the stromal matrix directly borders epithelial regions. Cases that receive a low score tend to have relatively uniform distribution of epithelium and stromal matrix throughout the image, with thin cords of epithelial cells infiltrating through stroma across the image, so that each stromal matrix region borders a relatively constant proportion of epithelial and stromal regions. The stromal feature with the second largest coefficient (Fig. 4B ) was the sum of the minimum green intensity value of stromal-contiguous regions. This feature received a value of zero when stromal regions contained dark pixels (such as inf lammatory nuclei). The feature received a positive value when stromal objects were devoid of dark pixels. This feature provided information about the relationship between stromal cellular composition and prognosis and suggested that the presence of inflammatory cells in the stroma is associated with poor prognosis, a finding consistent with previous observations (32) . The third most significant stromal feature (Fig. 4C ) was a measure of the relative border between spindled stromal nuclei to round stromal nuclei, with an increased relative border of spindled stromal nuclei to round stromal nuclei associated with worse overall survival. Although the biological underpinning of this morphologic feature is currently not known, this analysis suggested that spatial relationships between different populations of stromal cell types are associated with breast cancer progression.
Reproducibility of C-Path 5YS model predictions on samples with multiple TMA cores For the C-Path 5YS model (which was trained on the full NKI data set), we assessed the intrapatient agreement of model predictions when predictions were made separately on each image contributed by patients in the VGH data set. For the 190 VGH patients who contributed two images with complete image data, the binary predictions (high or low risk) on the individual images agreed with each other for 69% (131 of 190) of the cases and agreed with the prediction on the averaged data for 84% (319 of 380) of the images. Using the continuous prediction score (which ranged from 0 to 100), the median of the absolute difference in prediction score among the patients with replicate images was 5%, and the Spearman correlation among replicates was 0.27 (P = 0.0002) ( fig. S3 ). This degree of intrapatient agreement is only moderate, and these findings suggest significant intrapatient tumor heterogeneity, which is a cardinal feature of breast carcinomas (33) (34) (35) . Qualitative visual inspection of images receiving discordant scores suggested that intrapatient variability in both the epithelial and the stromal components is likely to contribute to discordant scores for the individual images. These differences appeared to relate both to the proportions of the epithelium and stroma and to the appearance of the epithelium and stroma. Last, we sought to analyze whether survival predictions were more accurate on the VGH cases that contributed multiple cores compared to the cases that contributed only a single core. This analysis showed that the C-Path 5YS model showed significantly improved prognostic prediction accuracy on the VGH cases for which we had multiple images compared to the cases that contributed only a single image (Fig. 7) . Together, these findings show a significant degree of intrapatient variability and indicate that increased tumor sampling is associated with improved model performance.
DISCUSSION
We have developed a system for the automatic hierarchical segmentation of microscopic breast cancer images and the generation of a rich set of quantitative features to characterize the image. On the basis of these features, we built an image-based model to predict patient outcome and to identify clinically significant morphologic features. Most previous work in quantitative pathology has required laborious image object identification by skilled pathologists, followed by the measurement of a small number of expert predefined features, primarily characterizing epithelial nuclear characteristics, such as size, color, and texture (21, 36) . In contrast, after initial filtering of images to ensure high-quality TMA images and training of the C-Path models using expert-derived image annotations (epithelium and stroma labels to build the epithelial-stromal classifier and survival time and survival status to build the prognostic model), our image analysis system is automated with no manual steps, which greatly increases its scalability. Additionally, in contrast to previous approaches, our system measures thousands of morphologic descriptors of diverse elements of the microscopic cancer image, including many relational features from both the cancer epithelium and the stroma, allowing identification of prognostic features whose significance was not previously recognized. Using our system, we built an image-based prognostic model on the NKI data set and showed that in this patient cohort the model was a strong predictor of survival and provided significant additional prognostic information to clinical, molecular, and pathological prognostic factors in a multivariate model. We also demonstrated that the image-based prognostic model, built using the NKI data set, is a strong prognostic factor on another, independent data set with very different SD of the ratio of the pixel intensity SD to the mean intensity for pixels within a ring of the center of epithelial nuclei characteristics (VGH). These findings suggest that the C-Path model might be adapted to provide an objective, quantitative tool for histologic grading of invasive breast cancer in clinical practice.
A key goal of our project was to use an unbiased data-driven approach to discover prognostically significant morphologic features in breast cancer. This discovery-based approach has been widely used in analysis of genomic data, but not yet in the study of cancer morphology from microscopic images of patient samples. Microscopic images of cancer samples represent a rich source of biological information, because this level of resolution facilitates the detailed quantitative assessment of cancer cells' relationships with each other, with normal cells, and with the tumor microenvironment, all of which represent key "hallmarks of cancer" (31) .
Of the top 11 features that were most robustly associated with survival in a bootstrap analysis, 8 were from the epithelium and 3 were from the stroma. A prognostic model built on only the three stromal features was a stronger predictor of patient outcome than one built from the epithelial features and is equally as predictive as the model built from all features. These stromal features included a measure of stromal inflammation, a process that has previously been implicated in breast cancer progression (32) , as well as several stromal morphologic features whose prognostic significance in breast cancer has not previously been studied. Despite the growing recognition of stromal molecular characteristics and the tumor microenvironment in the regulation of carcinogenesis (8) (9) (10) (11) (12) (13) (14) , since the grading of breast cancer began in the early 20th century, grading criteria have consisted entirely of epithelial features. Our analysis suggests that stromal morphologic structure is an important prognostic factor in breast cancer. Understanding the molecular basis for the prognostically significant stromal morphologic phenotypes uncovered in our analysis will be informative.
Our study has several limitations, which will need to be addressed before translation of the C-Path system for use in clinical medicine. First, it will be necessary to establish the effectiveness of the system on whole-slide images. All images used in our study came from breast cancer TMA images. Each TMA image captures only a minute portion of the full tumor volume, which is much smaller than the multiple whole-slide images used in routine diagnostic pathology. This fact is both a strength and a limitation of this study. On the one hand, our work demonstrates the ability to apply image analysis tools within a machine learning framework to build a powerful microscopic image-based prognostic model from very small samples of a tumor. This suggests that C-Path may prove useful for deriving prognostically important information from small tumor biopsy specimens. On the other hand, it is likely that we could have derived a more powerful prognostic model by analyzing whole-slide images, because these might allow the generation of additional higher-level features (such as measurements of tumor heterogeneity) and might facilitate more robust model performance because we would be summarizing our features over a much larger area of the tumor. Our image processing and machine learning pipeline is not specific to the use of TMA images and could be adapted and retrained with a data set of whole-slide images. Whole-slide images will require either manual or automated identification of breast cancer, because these larger images typically contain regions of both cancer and normal surrounding breast tissue. The TMA-based system did not require this step, because the TMA cores tend to sample exclusively areas of breast cancer. Nevertheless, the method's higher performance on patients contributing multiple TMA cores suggests that, once this challenge is addressed, performance of the prognostic model is likely to improve with whole-slide samples. Our study was limited to two large breast cancer patient cohorts. An important future direction for research will be to test the model on additional independent cohorts of breast cancer patients to evaluate more fully the model's generalizability. Specifically, the C-Path system must be systematically evaluated on a diverse set of images from different institutions where samples are handled in different ways. As part of this evaluation, the robustness of the epithelial-stromal classifier and the prognostic model must be evaluated separately to determine the robustness of each component of the C-Path system. Our results suggest that before applying C-Path to images from a new institution that uses a different slide processing regimen, it may be useful to train the epithelial-stromal classifier on a subset of images from the new institution. This process is likely to require labeling of 50 to 60 images, which can be performed by a trained pathologist in about 1 hour. This retraining process is analogous to the standard pathological evaluation process of histologic images from diverse institutions, in which pathologists use the visual characteristics of known morphologic structures (nuclei, cytoplasm, epithelium, stroma) from images acquired from a new institution to recalibrate their visual interpretations before applying fixed histologic grading criteria. Given the ability of our model to generalize across two diverse cohorts, it seems plausible that only a retraining of the epithelialstromal classifier will be needed and that the prognostic features and relative weights in the prognostic model will be robust across data sets.
A final critical step for the translation of C-Path to clinical medicine will be the increased utilization of digital images in routine diagnostic pathology. Even today, most surgical pathology diagnoses are made from images viewed directly on a light microscope, and digital slide scanners are not routinely used in diagnostic surgical pathology. Beyond the technical challenges, innovative leadership among pathologists will be critical for facilitating widespread implementation of quantitative, digital systems in surgical pathology laboratories (37) . However, the availability of a high-accuracy, robust, automated predictor of cancer prognosis has significant promise to improve the clinical practice of pathology, especially in parts of the world where expert pathologists may be in short supply (38) .
Although the work reported here has focused on predicting survival for patients with invasive breast cancer and on discovering morphologic features associated with prognosis, our unbiased methods are not specific to this setting. Hence, they can be applied much more broadly. We believe that the flexible architecture of the C-Path systemconsisting of the construction of a comprehensive feature set within a machine learning framework-will enable the application of C-Path to build a library of image-based models in multiple cancer types, each optimized to predict a specific clinical outcome, including response to particular pharmacologic agents, thereby allowing this approach to be used to directly guide treatment decisions.
MATERIALS AND METHODS

Patient samples
We acquired H&E-stained histological images from breast cancer tissue TMAs from two independent institutions: NKI (248 patients represented in TA110 to TA116) (26) and VGH (328 patients represented in TA268, TA274, and TA280) (38) . All images are available at tma.stanford.edu/tma_portal/C-path/. Images were manually reviewed. Images that contained out-of-focus areas, less than 10% of tissue from the TMA core, or folded-over areas of tissue were removed. About 8% of the image files were removed, leaving a total of 671 NKI and 615 VGH images in the analysis (figs. S4 and S5).
Image processing pipeline
We developed a customized image processing pipeline within the Definiens Developer XD image analysis environment (see Supplementary Methods and tables S8 and S9). The pipeline consists of three stages: basic image processing and feature construction, training and application of the epithelium/stroma classifier, and construction of higher-level features. Per image, we computed the mean, SD, min, and max of each feature and ultimately generated a set of 6642 features per image. For patients with multiple images (208 of 248 NKI patients; 192 of 328 VGH patients), these statistics were summarized by their mean across the images (Supplementary Material).
Learning a prognostic model
The NKI images were used to build an image feature-based prognostic model to predict the binary outcome of 5-year survival (5YS model) (table S3) . To focus the model on the most relevant features, we used L 1 -regularized logistic regression, implemented in the R package glmnet (22) . Model performance on the NKI data set was assessed by eightfold cross-validation; in each fold, the model was built using up to 217 cases of the NKI data set and evaluated on the held-out set of 31 cases. If a case from the training set was censored before 5 years (7 of 248 cases), the case was excluded from the training set. The l parameter that controls the sparsity of the model was tuned at each fold by leaveone-out cross-validation on the training cases for that fold. During each fold, the value of l was chosen that minimized the binomial deviance on the held-out training cases. The logistic regression model computes a probability of 5-year survival. To stratify patients into low-and high-risk groups, we selected the cut point whose stratification maximized the statistical significance of the difference in overall survival between the high-and the low-risk groups on the training cases, as indicated by the log-rank test statistic. The model and cut point were then applied to the held-out cases, so that all held-out cases received a binary classification. To assess the statistical significance of the survival stratification observed between cases predicted to be low risk versus high risk, we computed a log-rank P value using the survdiff function in the R package survival. To assess the statistical significance of feature coefficients in multivariate Cox proportional models, we assessed each feature's Wald statistic and associated P value using the function coxph in the R package survival.
To assess the robustness of the logistic regression coefficients, we performed a bootstrap analysis on the NKI data set, implemented with the "boot" package in R (39) . On the basis of this analysis, for each of the 6642 features, we obtained a 95% CI for the feature's coefficient estimate. To assess the performance of the model on the VGH data set, we trained the prognostic model on the full NKI data set and tested the model on the VGH data set, excluding the 42 VGH cases that had been used for training the epithelial stromal classifier.
Additional description of methods used in the analysis is provided in the Supplementary Materials and Methods.
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